Introduction
Data fusion is the process of combining information from heterogeneous sources into a single composite picture of the relevant process, such that the composite picture is generally more accurate and complete than can be derived from a single source alone [1] . Spatial and temporal remote-sensing data fusion is a technique that can produce a dense time-series database with a high spatial resolution [2] . In this database, the temporal resolution is the same as the high-temporal-resolution data and the spatial resolution fits with the high-spatial-resolution database. With the aid of time-series data fusion, changes in land surface, such as vegetation dynamics, can be easily detected and monitored. Time series of Vegetation indexes (VIs), such as the Normalized Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI), represent land-surface vegetation dynamics in both time and space [3] . These time series are generally derived from a multi-temporal, coarse-spatial-resolution data set. However, when the study area is small in scale, issues of vegetation-monitoring dynamics arise with the pixel size of the coarse imagery [4] . In this situation, if the study areas focus on medium-or low-vegetation analyses (such as grasses and shrubs); a database of analyses in high temporal and spectral resolution is critical. Coarse-spatial-resolution sensors (from 250 m to a few kilometers) such as MODIS, NOAA, SPOT VEGETATION, and MERIS commonly have relatively high temporal resolution (such as daily) [5] . On the contrary, the medium-and low-spatial-resolution sensors, such as Landsat TM, could detect most of the vegetation variations, but lack temporal resolution. In many cases, it is very hard to get a rapid response to vegetation dynamics [6] .
Currently, the available satellite data set, which is limited by spatial and temporal characteristics, influences the accuracy of mapping land cover at a continental scale [7, 8] . Corresponding with the Landsat TM sensor, MODIS has close solar geometries and orbital parameters. This would enable the fusion of Landsat TM and MODIS time-series data by subpixel in both time and space. A data-fusion approach can therefore be designed by combining the daily MODIS 250 m surface-reflectance product (MODIS09GQ) [9] with Landsat data in order to generate a modeled "daily" Landsat data set. The modeled data product can keep a fine spatial resolution (30 m) to capture the land cover in details, and can keep high temporal resolution (daily) to accurately determine changes over time [8] .
In recent years, scholars around the world have developed advanced research and methods on timeseries data fusion [4, 8, 19, 20] . Most methods are based on linear-mixed models and assume no changes in surface reflectance by pixel in the same category. Due to the influence of geologic environments, there are reflectance changes in surface features in space. Some scholars proposed improved algorithms based on the assumption that there are no dramatic changes in the neighborhood pixels [4, 8, 21] . The evaluation of the methods has been applied in many fields such as dry-land forest phenology [10] [11] , and forest-cover changes [12] [13] [14] .
Landsat TM sensors, with a high spatial resolution of 30 m and a 16-day revisit cycle, are widely used for mapping a range of biophysical vegetation parameters and monitoring regional land cover [15] . In the past 30 years, Landsat data have been used to gather ecological information such as the dynamics of ecosystems and the detection of changes in land cover [16] , and as an efficient tool for monitoring vegetation-cover changes in tropical-forest domains [17] . However, the applications of Landsat data in monitoring biodynamic and surface changes are limited due to cloud contamination and a 16-day minimum TM-sensor revisit cycle. Cloud contamination can lower data quality and cause missing data. During data acquisition, clouds covering and lowering temporal resolution could be the major obstacle for monitoring changes in vegetation characteristics in the study area. NASA's Moderate Resolution Imaging Spectroradiometer (MODIS) provides vital information and highquality-data resources for land cover research [18] . With a lower spatial resolution (250 m, 500 m and 1,000 m), MODIS Terra/Aqua revisit the globe multiple times per day.
The research strategy engaged herein focuses on linear-pixel decomposition [22] . We extracted the time curve of surface reflectance based on a high temporal-resolution data set. After combining it with the high-spatial-resolution data, we got a database with high resolutions in both time and space. In this study, two ranches (Faith Ranch and Comanche Ranch) in west Texas were chosen for the study areas. Images from the MODIS daily surface-reflectance product (MOD09GQ) and Landsat TM 5 from 2004-2011 were chosen to build the new data set and evaluate the fusion results. The NDVI time-series data set was produced by the modeled-fusion result. This method is automated and greatly shortens computation time.
Study Area
The study areas are the Faith Ranch (28.613N; -100.092W) and Comanche Ranch (28.381N; -100.009W) located in Dimmit County in west Texas. The dominant vegetation type is shrubs with grass, principle habitat for white-tailed deer. The most notable feature of the study area is the plain. Site records indicate the area of Faith and Comanche ranches are 5,028km2 and 4,855km2, respectively, with an annual inter variability of precipitation between 448.6 mm and 463.9 mm per year. Each ranch had 6 equal-area enclosures for experiments, which can be easily distinguished by Landsat TM data. The distance between the two ranches is 37 km; however, 250-m MODIS09 imagery resolution is not sufficient to detect changes in vegetation dynamics in these areas. 
Methodology

Methods
The data-fusion method in this study is designed to capture high-resolution spatial changes from Landsat TM 5 data, while the high temporal resolution of MODIS 09 imagery is used to accurately determine the occurrence time of a given disturbance. The inputs of this method are: 1) two adjacent Landsat TM 5 images (one at the beginning of the period and the other is at the end), and 2) MODIS surface-reflectance images at a given date in the measurement period.
Cloud contamination tends to reduce reflectance in the near-infrared band and increase it in the red band, thus the ratio value of the vegetation indices fluctuates heavily. When the cloud cover is greater than 10%, the probability of acquiring good quality Landsat imagery can be as low as 10% regionally [23] .
For each homogenous pixel at MODIS resampled data, the relationship of the surface reflectance measured by Landsat TM sensor can be represented as:
(1) where is the Landsat and MODIS data acquisition date, is the surface reflectance of the calibrated Landsat imagery at a given location . At the same pixel location, is the previously geo-referenced and resampled MODIS surface reflectance. In the equation, represents the conversion factor between the two sensors (caused by different solar-elevation angle and bandwidth settings). Here it is assumed that the MODIS surface reflectance has been georeferenced and resampled to the resolution and bounds of the Landsat surface reflectance image and thus shares the same pixel size, coordinate system, and the image size.. From the geographical space, we suppose that in a comparatively short period of time (such as one day), changes in surface reflectance are continuous, which means the land cover will not change radically in that short period of time.
Similarly, at the data of , the relationship between Landsat and MODIS sensors surface reflectance can be expressed as:
(2) Supposing there are no changes in cover types or systematic errors from date to , meaning = . After combining equation (1) and (2), equation (3) can be written as:
Under ideal conditions, the surface reflectance of Landsat at date at a given pixel is: surface reflectance of Landsat at date multiplied by the ratio of MODIS surface reflectance between date and . However, the ideal modeled relationships between MODIS and Landsat surface reflectance do not fit the equation all the time.
In the equation, where the is the central pixel of the sliding window, is the surface reflectance to be predicted on date , is the size of window (only valid pixels are used for prediction in the windows). and are the pixel values of MODIS data on the date and , respectively. The weight coefficient herein is introduced: the weight determines the contributions from each neighbor pixel to the estimated reflectance of the central pixel. In the process of prediction, the problem can be resolved by introducing the sliding window concept to minimize the boundary influence. During central-pixel value calculation, the weight depends on three main factors: 1) spectral difference, 2) time-information difference, and 3) space-relative distance. The weight can be expressed as: (5) where is the value, which combines the predicted central pixel with the rest of the pixels in the sliding window, considering the three main factors (spectral difference, time-information difference, and space-relative distance). All images used in this study were clipped based on the region of interest (ROI) of the Comanche Ranch and Faith Ranch. Regions of interests (ROIs) of the two ranches were built to calculate the NDVI, respectively.
Data Processing
Landsat-5 TM Data Set
Landsat 5 TM data were acquired from January 2004 to November 2011. All data sets have high data quality and are cloud-cover free. The Landsat TM sensor onboard the Landsat 5 platform has a spatial resolution of 30 m and a spatial extent of 185×185 km per scene, which is well suited for characterizing landscape-level forest structure and dynamics. Arguably, Landsat is the most commonly used satellite sensor for mapping biophysical vegetation parameters and land cover [7] . Landsat images have advantageous spatial and spectral characteristics for describing vegetation properties; the temporal resolution for the Landsat TM 5 sensor is 16 days.
The 30 m Landsat pixel is adequate for mapping major vegetation changes [24] , but the integration of high-temporal-resolution data allowed for a more detailed characterization of the landscape. The 16-day revisit cycle is often extended due to cloud contamination or duty cycle limitations [25] . Cloud cover is a major obstacle for monitoring short-term disturbances and changes in vegetation characteristics through time. Moreover, the probability of acquiring cloud-free Landsat imagery for a given year (cloud cover below 10%) can be as low as 10% [23] . In the cloudy area of the Earth, the problem is compounded, and researchers are fortunate to get two to three clear images per year.
MODIS 09 Surface Reflectance Data Set
Datasets from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor onboard NASA's Terra and Aqua satellites are imaged daily at the global scale, providing the best possibility of cloud-free observations from the platform. Conversely, high-temporal-resolution sensors have a more frequent revisit rate and produce wide-area coverage with a lower spatial resolution [26] . The Terra/Aqua MODIS satellites provide frequent coarse-resolution images, revisiting the earth's surface at least once per day. Bands 1-7 of MODIS images were designed primarily for remote sensing of land surface, including: blue band (459 to 479 nm), green band (545 to 565 nm), red band (620 to 670 nm), near infrared band (841 to 876 nm), and the mid-infrared band (1230 to 1250nm, 1628 to 1652nm, 2105 to 2155 nm). The red and the near-infrared (NIR) bands were used to map NDVI in this project. To match the bandwidths with the Landsat TM sensor, a comparison of bandwidth between the Landsat TM sensor and the MODIS sensor is shown below: Depending on the spectral characteristics of interest, MODIS dataset have spatial resolutions of 250 m, 500 m, and 1000 m. However, at the same time, the coarse resolution of MODIS limits the sensor's ability to quantify biophysical processes in heterogeneous landscapes.
MODIS data were downloaded from the Earth Observing System Data Gateway distributed archive (http://reverb.echo.nasa.gov/reverb/). MODIS images were reprojected to the UTM 84 Datum and resized separately for the two ranches in the study area by an Arcmap shape file. The data set was composed of 2,703 daily 250 m surface-reflectance images (Product MOD09GQ-V005) acquired at the same time as the TM images, and 23 250 m, 16-day MODIS-NDVI composite images covering January 2004 to November 2011 (Product MOD13Q1-V004) [27] . All MODIS products were automatically transformed to a GEO-TIFF format with a MODIS Reprojection Tool (MRT) and resampled to 30 m Landsat-imagery resolution by using the nearest-neighbor method. Red and NIR bands in the MODIS data were extracted, respectively. The data set included extensive quality control (QC) information to exclude cloud contamination and take care of data-processing conditions.
Results
In this section, we analyzed the algorithm performance over the two example ranches (Faith and Comanche ranches) in west Texas. The performance of the approach is evaluated by statistically comparing the experimental results (MODIS original data) with model estimates of time-series maps of the two ranches using the method in this study. Meanwhile, red and NIR bands were chosen to be modeled in this study for convenience of computer programming and for calculating NDVI (by the equation NDVI = (Red Band-NIR Band) / (Red Band+NIR Band)). As inputs, we used the red NIR bands from 30 m Landsat TM 5 data that were 90% cloud free, and 250 m MODIS 09 surfacereflectance data, both red and NIR bands, from 2004 to November 2011. For final outputs, we got the data set with a spectral resolution of 30 m and the temporal resolution of once daily with both the red and NIR bands modeled. The composed data set has high quality in both red and NIR bands. IDL language programming was used to produce Landsat-MODIS time-series maps from 2004 to 2011 of the Comanche and Faith ranches in Texas. These models are going to run automatically after obtaining the direction of the input data set. We tested the result-pixel images for the Comanche Ranch, the area of which is 4,855 km 2 , on the acquired date of Feb. 5, 2011. All images used in this study were clipped based on the region of interest (ROI) of the Comanche Ranch and Faith Ranch. ROIs were built based on shape files of the two ranches, respectively. The NDVI maps of the Comanche Ranch of a different model than mentioned here are shown in Figure 3 . The study method was run in IDL programming by bands. The red and near-infrared (NIR) bands were chosen for modeling to make a time-series dataset product. The process of combining MODIS and Landsat TM images for the Faith and Comanche ranches is illustrated in Figure 3 . It shows that one of the low-resolution MODIS images (Jan. 21, 2011) and two high-resolution Landsat TM images (Jan. 21, 2011 and Feb. 5, 2011) were used to obtain a new of high-resolution, time-series data set. Because the correlation coefficients represent the degree of similarity between the original satellite image and the modeled image, we used the correlation coefficients to evaluate the modeled results of the database.
In Figures 3 and 4 , there is a slight difference that could be indistinct between the Landsat-band map and modeled-band map. Even after transmitting the modeled data to the NDVI map after calculating the combination of red and NIR bands, there are still great correlation coefficients; RMSE is 0.02453, and 55,876 points are calculated in total. The MODIS 13 NDVI map dataset was employed in this study, and the MODIS 13 vegetation products are available every 16 days with a spatial resolution of 250 m. Due to providing the best possibility for cloud-free observation because of its polar-orbiting platform, MODIS 13 vegetation products became the ideal reference standard for the fusion results. Based on the band-math method, we built up a new dataset by calculating the NDVI with modeled results from red and NIR bands. NDVI values of the modeled dataset were computed from red in NIR surface reflectance for each daily image. After the comparison with MODIS 13 data, we found there is still a high correlation between the new database and the high-quality MODIS 13 data. Table 2 shows the comparison of the method in this study with STARFM and other multisensorfusion methods. The results indicate the method we developed in this study has an equivalent or higher correlation coefficient. The main characteristics are: 1) both before (t 0 ) and later (t k ) high-resolution images were used to produce the data-fusion data set with more texture information in details; 2) this new database has a high correlation with the high-temporal-resolution images (MODIS), and the high currency from the high-temporal database was kept in the new fusion database that we got in the study; 3) the new database considerably reduced the running time of data-fusion processing, facilitating the establishment of a relatively long time-series data set, even 10 years or more; 4) the new database has good pixel fidelity, and the resolution of the data-fusion dataset is a measure of the fidelity of pattern transfer. When the study area focuses on a small area, such as the two ranches in this study, we still have great fitness in the zoom-in pixel maps. Meanwhile, fusion results are still influenced by the following factors: 1) systematic errors between different sensors. There are small biases in different sensor systems due to the differences in acquisition time, bandwidth ranges and data processing. 2) Linear-mixed modeling. The linear-mixed model was adopted in the most of the multisensor time-series data-fusion methods. In this model, the linear-mixed model is perfect for the bare earth, or snow cover. However, when the land surface is covered with low vegetation or even forest, the sensors just get part of the reflection. The other part of the reflection is disturbance from the land-cover object. Therefore, the phenomena of nonlinear mixture are widespread.
In addition, the surface reflectance of invariant targets should remain relatively consistent over time. Atmospheric noise makes a huge contribution to variable reflectance errors over time. The dataset was preprocessed with the atmospheric correction because the atmospheric correction is able to minimize variance. There was no additional correction applied to the data to correct the view angle and reduce atmospheric and terrain effects.
Conclusions
By using a new fusion technology of spatial-temporal, remote-sensing data combining Landsat TM imageries with temporal MODIS surface-reflectance products, we produced a product that could have considerable utility for applications that require both high spatial resolution and frequent coverage (high temporal resolution). The modeled results were used to evaluate the vegetation dynamics of the Faith and Comanche ranches in west Texas. We confirmed the precision of the algorithm in this study through pixel-correlation analysis between high accuracy MODIS imagery and the modeled-fusion imagery.
High temporal and spectral resolution with a high accuracy time-series "Landsat" data set is achieved in this method; the correlation coefficient is higher than 0.9. The high correlation between the original data and the modeled data makes a great contribution to the assumption that we made about the time-series changes in a relatively short time. We also used the band math to get a new NDVI dataset based on the fusion result, and found that there is still a high correlation between MODIS 13 data and the modeled data.
In contrast to traditional multisensor-fusion methods, this method can be used to monitor vegetation dynamics without the land-cover maps and in-situ measurements. Due to the high temporal MODIS data, dataset temporal resolution can be greatly increased (at least one modeled data set per day in this study) so it is much easier to detect variances in vegetation dynamics.
